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The digital evolution that businesses are facing highlights the need for organisations to be agile, to collaborate
with customers and to change the mindset of employees and managers to achieve effective digital trans-
formation. This study explores the role of regenerative unlearning, defined as a dynamic capability that enables
organisations to adapt by systematically renewing knowledge structures, in customer collaboration, organisa-
tional agility and digital transformation. Using PLS-SEM, a sample of medium-sized Spanish manufacturing

companies was analysed. The results show that regenerative unlearning improves customer collaboration,
organisational agility, and digital transformation. Findings also show the influence of customer collaboration on
organisational agility and of organisational agility on digital transformation. This research contributes to the
literature by providing a better understanding of the importance of regenerative unlearning, collaboration with
customers and agility in the digital context of the Spanish manufacturing industry.

1. Introduction

Digitalisation is considered the main driver of global economic
expansion (Guo, Yin, & Liu, 2023). Organisations, compelled by the
dynamic nature of their operational environments, have embraced
digital transformation initiatives to adapt to the change, managing the
inherent uncertainties related to them (Statsenko & Corral de Zubielqui,
2020). In fact, the Covid-19 pandemic (Fahey & Hino, 2020) or the need
to meet the challenges of sustainable growth (Broccardo, Zicari, Jabeen,
& Bhatti, 2023) have shown the organisational importance of embracing
digital transformation processes. Indeed, in the literature on strategic
management, digital transformation has drawn particular interest
(Vuchkovski, Zalaznik, Mitrega, & Pfajfar, 2023) as it is considered a
strategic response to technological and market changes (Caputo, Pizzi,
Pellegrini, & Dabic¢, 2021). Therefore, digital transformation has
emerged as a way for organisations to face their environment dynamism
while meeting their stakeholders’ needs with intelligent and inter-
connected digital services (Cidik, Boyd, & Thurairajah, 2017; Hamid,
2022).

The integration of digital technologies has led to disruptive changes
in organisations (Wang, Liu, Li, & Lei, 2023). Indeed, it involves pro-
cesses that redefine and enhance existing techniques and customer
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experiences, needing a collective effort from internal and external
stakeholders (Cebi, Ozdemir, Reisoglu, & Colak, 2022; Cidik et al.,
2017). This, in turn, triggers the readjustment of internal and external
knowledge (Vatamanescu et al., 2018, 2020, 2023a, 2023b). Digital
transformation entails changing how a company uses digital technolo-
gies to create a new business model that generates greater value than the
previous one (Verhoef et al., 2021). This requires the adoption of new
knowledge structures both inside and outside the organisation to ach-
ieve the intended strategic objectives (Li et al., 2023). Furthermore,
organisations integrating digital technologies must update knowledge,
routines, and behaviour to prevent inertia and enhance flexibility (Wang
etal., 2023). Consequently, the capacity to challenge old mental models,
change routines, and relearn — known as unlearning — appears crucial in
digital transformation processes (Cegarra-Navarro & Wensley, 2019).
In this study we contend that when the effort of regenerating
knowledge is not individual but collective, a new capability arises,
referring to it as “regenerative unlearning”. We define regenerative
unlearning as the organisational dynamic capability to replace or update
obsolete mental models, routines, and knowledge structures from a
collective point of view. To the best of our knowledge, no previous
studies have addressed the role of regenerative unlearning in digital
transformation processes. However, intentional unlearning has been
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found to positively influence digital process innovation (Wang et al.,
2023). Therefore, this study aims to tackle this gap, arguing that when
organisations undergo digital transformation processes, there is a col-
lective need to regenerate knowledge, routines, and behaviours.

A successful digital transformation process may also require the
organisational capability to master change, known as organisational
agility (Cegarra-Navarro et al., 2016). In fact, previous studies have
found relevant correlations between digitalisation and agility, which are
strong antecedents of firms’ flexibility to deal with unexpected changes
and drive innovation (Niewohner et al., 2019). Organisational agility
seeks to address changes in customers’ needs (Mehdibeigi, Dehghani, &
Yaghoubi, N.m. , 2016) and can be improved by customer-oriented ex-
periences (Mihardjo, Sasmoko, Alamsjah, & Djap, 2019). In studies
about digital technologies, agility has proven to help organisations in-
crease their adaptability to technologies (Guo et al., 2023). However, to
the best of our knowledge, no studies to date have analysed organisa-
tional agility’s role in digital transformation processes. Thus, this study
aims to fill this gap by analysing the effect of organisational agility on
digital transformation processes.

Based on the above, our research questions are (1) Does regenerative
unlearning influence customer collaboration, organisational agility, and
digital transformation? and (2) Does customer collaboration affect
organisational agility, which in turn affects digital transformation? We
have analysed a sample of medium-sized manufacturing companies in
Spain to answer these questions. The study’s results, assessed using
SmartPLS software, confirmed the suggested relationships. Findings
reveal that regenerative unlearning enhances customer collaboration
and organisational agility, thereby improving digital transformation
processes. This involves eliminating unnecessary, outdated, or incorrect
routines by productively and innovatively regenerating them. These
findings underscore the significance of regenerating knowledge and
practices when embracing and implementing digital transformation.
Similarly, they demonstrate that customer collaboration positively in-
fluences organisational agility, positively impacting digital trans-
formation processes. These results highlight the role of knowledge
regeneration in successful digital transformation processes.

2. Conceptual framework

Businesses are experiencing rapid changes due to the digital revo-
lution, which has, in turn, opened a wealth of possibilities for entre-
preneurs to enhance their companies using digital technologies
(Feliciano-Cestero, Ameen, Kotabe, Paul, & Signoret, 2023). Defined as
a combination of information, computing, communication, and con-
nectivity technologies, digital technologies are instrumental in trans-
forming various aspects of business, including strategies, processes,
capabilities, products, and services (Bharadwaj, El Sawy, Pavlou, &
Venkatraman, 2013). Verhoef et al. (2021) identify three phases in
which organisations can apply digital technologies to promote digital
change: The first, digitisation, involves transitioning from analogue to
digital information formats; The second phase, called digitalisation, re-
fers to the ways in which digital technologies can be used to alter
existing business processes; Finally, the last phase, termed digital trans-
formation, involves enterprise-wide change leading to a new business
model.

Digital transformation is the most significant and disruptive digital
change brought about by digital technologies, resulting in a continuous
improvement process that integrates these technologies into all com-
pany areas (Garcia-Perez, Cegarra-Navarro, Sallos, Martinez-Caro, &
Chinnaswamy, 2022; Li et al., 2023) and causing substantial organisa-
tional changes (Vial, 2019). Verhoef et al. (2021,p. 889) define digital
transformation as “a change in how a firm employs digital technologies, to
develop a new digital business model that helps to create and appropriate
more value for the firm”. Thus, the digital transformation process results
in the optimisation of organisations’ operations, which allows them to
use their resources better and obtain competitive advantages (Fenech,
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Baguant, & Ivanov, 2019) and major business gains (Vuchkovski et al.,
2023). In this regard, organisations that invest in digital transformation
will be prepared for future scenarios and ready to survive the challenges
of the market (Li et al., 2023).

Digital transformation, however, is not an effortless process to
implement (Jones, Hutcheson, & Camba, 2021). Among the main bar-
riers found in the literature to it are a lack of skills and experience, an
immature digital culture, a lack of budgets and resources, data privacy
and security concerns, a lack of economic growth, and a lack of ability to
properly interpret data (Jones et al., 2021). In fact, companies have
faced significant challenges due to the progression of digital technolo-
gies and the rapid growth of digital enterprises, such as the impact on
retail companies caused by the expansion of Amazon, and on hotel
companies affected by the presence of Airbnb and Booking.com (Ver-
hoef et al., 2021). Therefore, companies should overcome these barriers
and adapt to the changing environment, which implies an organisational
transformation focused primarily on people (Chan, Okumus, & Chan,
2015; Filieri, 2010; McDermott & O’Dell, 2001). The foregoing chal-
lenges show the need for companies to avoid inertia and achieve rapid
change to enable the digital transition (Wang et al., 2023). In this sense,
in the process towards digital transformation, organisations must
question the usefulness or validity of their intangible resources such as
organisational knowledge (Mattila, Yrjola, & Hautamaki, 2021). The
organisational capability to update knowledge, learn from mistakes and
think outside the box has been reported to allow organisations to adapt
better and faster to new situations (Zhao, Lu, & Wang, 2013;
Vatamanescu, Andrei, Gazzola, & Dominici, 2018; Vatamanescu,
Cegarra-Navarro, Andrei, Dinca, & Alexandru, 2020). This capacity is
known as intentional unlearning and requires the organisational ability
to enable employee engagement in generating ideas, seizing opportu-
nities, and proposing change-oriented strategies (Cubillas-Para,
Cegarra-Navarro, & Wensley, 2023).

A dynamic capability implies that not only an individual but also the
organisation can adapt, integrate, and reconfigure its resources and
capabilities in response to changing environmental conditions (Pavlou &
El Sawy, 2011; Teece, 2007; Teece & Pisano, 1994). Under this frame-
work, when an organisation faces a change, some individuals may need
to unlearn to occupy new positions or perform tasks different from those
they have been performing. In this study, we introduce an evolution of
the concept of intentional unlearning, termed “regenerative unlearn-
ing”. With this new concept, we recognise the imperative of collective
organisational change during digital transformation. We define regen-
erative unlearning as the organisational and collective dynamic capa-
bility to intentionally update mental models, alter routines and engage
in relearning processes to respond skilfully to changes in the environ-
ment of the organisation. Therefore, regenerative unlearning is a dy-
namic capability that helps organisations to adapt to its volatile
environment by regenerating and reconstructing the knowledge struc-
tures which need to change (Zheng, Zhang, & Du, 2011).

2.1. Regenerative unlearning: Impact on collaboration with customers,
organisational agility and digital transformation

Organisations must be able to leverage not only internal dynamic
capabilities but also external interactions (Statsenko & Corral de
Zubielqui, 2020; Vatamanescu et al., 2023a, 2023b) to develop digital
strategies in response to market changes. Digital strategies seek to
leverage digital resources to create value within organisations by
including digital resources in functional areas (Bharadwaj et al., 2013).
In this regard, digital transformation strategies are focused on use of
technologies, changes in value creation, structural changes, and finan-
cial aspects (Matt, Hess, & Benlian, 2015). When developing their digital
transformation strategies, organisations must ensure that their supply
responds to the ever-more complexity of customer needs (Heirati,
O’Cass, Schoefer, & Siahtiri, 2016).

Increasingly, organisations use external knowledge, especially
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consumer knowledge, in times of rapidly changing market conditions to
better understand their customers’ needs and strengthen their internal
knowledge pools (Kindermann, Schmidt, Burger, & Flatten, 2022).
Indeed, organisational success depends on its ability to exploit customer
knowledge and transform it into innovations (Statsenko & Corral de
Zubielqui, 2020). Several concepts have been set out and tested by ac-
ademics to envision the inclusion of customers in corporate innovation
initiatives (i.e., customer involvement) (Kindermann et al., 2022; Najafi-
Tavani, Zaefarian, Robson, Naudé, & Abbasi, 2022), customer partici-
pation (Morgan & Anokhin, 2023) or customer collaboration (Heirati
et al.,, 2016). However, a clear definition of these terms is lacking, as
they may refer to customers either as information sources or as co-
developers of new products or services (Kindermann et al., 2022).

Bearing this in mind, in this study, we define collaboration with
customers as the co-creation strategic actions adopted by companies to
add value not only to their organisational resources but also to their
relationship with customers. To be effective, this relationship must be
based on trust, information sharing, and collaborative issue resolution
(McEvily & Marcus, 2005; Statsenko & Corral de Zubielqui, 2020). As a
result of firm-customer collaboration, organisations will benefit from
new insights, capital, knowledge, and capabilities (Morgan & Anokhin,
2023) that will allow them to maintain their competitive advantage in
situations where a change is needed (Heirati et al., 2016).

When it comes to innovative efforts within organisations, such as the
creation of new products or services or the development of innovative
processes, where collaboration with customers is very important,
knowledge updating is crucial (Ortega-Gutiérrez, Cepeda-Carrion, &
Alves, 2022). Specifically, an adequate unlearning context emerges as
paramount (Cegarra-Navarro, Wensley, Batistic, Evans, & Cubillas-Para,
2021). Ortega-Gutiérrez et al. (2022) showed that when companies
unlearn, their ability to focus on the customer is greater. In a similar
way, literature has revealed that entrepreneurial orientation, based on
innovativeness, proactiveness, and risk-taking, influences collaboration
with customers (Morgan & Anokhin, 2023; McEvily & Marcus, 2005) as
organisations may continually examine the environment for collabora-
tive opportunities, access to external knowledge and avoidance of
organisational inertia.

However, there are no studies that have analysed the influence of
unlearning on collaboration with customers. In this regard, a company
that fosters regenerative unlearning could get access to fresh ideas,
which will promote collaboration with customers (Heirati et al., 2016).
Indeed, the regeneration of internal knowledge expands and enlarges a
firm’s external knowledge base, increasing the diversity and heteroge-
neity of the organisation’s external knowledge (Echajari & Thomas,
2015; Tsai, 2018; Yang & Wang, 2017). Drawing from these insights, our
first hypothesis posits that the regeneration of organisational knowledge
will positively influence customer collaboration.

H1: Regenerative Unlearning has a positive influence on Collabora-
tion with Customers.

Unlearning also allows the organisation to have structures that
encourage the participation of all stakeholders and a global vision of the
problems of the environment, promoting organisational agility
(Tanushree, Sahoo & Chaubey, 2023). In this regard, organisational
agility is the organisation’s capacity to perceive, adapt and respond to
change at the speed required by the context (Walter, 2021). Through
organisational agility, it is possible to thrive and grow in an increasingly
volatile, uncertain, complex, and ambiguous world (Winby & Worley,
2014). It implies productive meetings and a corporate culture that
avoids conflict and fosters consensus to find the best solution to a
problem (Tanushree et al., 2023).

Organisational agility requires creating new knowledge (Cegarra-
Navarro, Soto-Acosta, & Wensley, 2016; Zain, Rose, Abdullah, & Mas-
rom, 2005), becoming the result of adapting knowledge from one
context to another (Pereira, Mellahi, Temouri, Patnaik, & Roohanifar,
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2019). Accordingly, organisations must be able to recognise the neces-
sary changes, adapt their routines, recognise divergences, and respond
to them through relearning since organisational agility allows organi-
sations to change their structure in response to environmental shifts.
Thus, a company capable of regenerating its knowledge can also use
novel technology or market-related knowledge and apply it to digital
information that other stakeholders can understand. Accordingly, we
propose our second hypothesis arguing that by regenerating obsolete
practices and knowledge, organisations become more adaptable and
responsive to change, improving their agility.

H2: Regenerative Unlearning has a positive influence on Organisa-
tional Agility.

Regenerative unlearning is a strategic resource that allows organi-
sations to update and balance knowledge (Cegarra-Navarro & Wensley,
2019). In the context of digital transformation, multifaceted and multi-
level knowledge becomes essential (Bican & Brem, 2020; Bordeleau &
Felden, 2020; Willie & Nkomo, 2019). This underscores the need for
digital transformation initiatives to integrate expertise from different
fields (Kane, Palmer, Nguyen, Kiron, & Buckley, 2015). In doing so,
regenerative unlearning helps the organisation to update the internal
knowledge, as well as the external one. Furthermore, given the rapid
evolution of digital technologies, there is frequently considerable un-
certainty regarding the foundational assumptions of digital trans-
formation strategies (Matt et al., 2015).

As stated by Matt et al. (2015), digital transformation strategies need
continuous reassessment, encompassing an evaluation of both the un-
derlying assumptions and the advancements made in the transformation
process. Together with that, a redesign of the mindset of the organisa-
tion’s employees and managers is also critical to its success in digital
transformation (Gimpel et al., 2018). In this context, it may be crucial
for all employees of the organisation to regenerate their knowledge,
practices, and processes to adapt to modern technologies, procedures,
strategies, and business models introduced within the organisation as
part of digital transformation. This adaptation will be imperative to
achieving the success of the transformation process. Based on the above,
we propose our third hypothesis arguing that regenerative unlearning
will have a positive influence on digital transformation process.

H3: Regenerative Unlearning has a positive influence on Digital
Transformation.

2.2. Organisational agility, collaboration with customers and digital
transformation

Organisational agility is related to the ability of companies to cope
with unexpected changes in the organisation environment and capitalise
on new opportunities arising from such changes (Guo et al., 2023). Agile
organisations are, therefore, designed to predict and cope with business
change to achieve customer and employee satisfaction (Mehdibeigi
et al., 2016). Organisational agility can improve by customer-oriented
experiences (Mihardjo et al., 2019) given that one of its main goals is
to face and solve changes in customer needs (Mehdibeigi et al., 2016).
Indeed, as organisations can use customers as co-developers to create
value (Kindermann et al., 2022), their knowledge improves organisa-
tional agility (Mehdibeigi et al., 2016), enhancing new product speed-to-
market (Garcia-Murillo & Annabi, 2002) and organisational innova-
tiveness (Kindermann et al., 2022).

Based on these studies, it is arguable that organisations that collab-
orate with their customers will improve their organisational agility as
they will have a better understanding of the dynamics of market needs.
However, to the best of our knowledge, there are no studies that have
analysed the influence of customer collaboration on organisational
agility. Therefore, we posit that companies that increasingly recognise
the importance of collaboration with customers will improve their



C. Cubillas-Para et al.

agility in responding to new needs and market changes. In this sense, we
propose our next hypothesis contending that organisational agility,
which involves being flexible, adaptable, and able to change strategies
to meet customer needs (Mehdibeigi et al., 2016), can be improved by
fostering a culture of collaboration with customers.

H4: Collaboration with Customers has a positive influence on
Organisational Agility.

Digital transformation is about changing the existing sociotechnical
structures, previously mediated by non-digital devices or relationships,
into structures that are mediated by digitised tools and relationships
with digital skills (Shakina, Parshakov, & Alsufiev, 2021). Therefore,
digital transformation involves a series of complex knowledge activities,
such as developing design thinking to analyse and enhance the customer
journey or implementing automated customer service (McDermott,
Foley, Antony, Sony, & Butler, 2022). In this context, the agility
necessary to adapt to technological developments may help organisa-
tions deliver timely, valuable, structured, and validated knowledge. In
fact, previous studies have shown that for innovative performance in
digital start-ups, organisational agility is crucial as it helps them acquire
the resilience and adaptability necessary to respond to quick changes in
the digital marketplace (Guo et al., 2023).

Organisational agility is crucial for being successful in the rapidly
changing digital environment (Gimpel & Roglinger, 2015). As organ-
isational agility enables organisational change, digital transformation is
also inferred as the consequence of organisational agility. Gimpel et al.
(2018) highlighted that organisational agility is critical in the digital
transformation of an organisation and should include all aspects of
organisational setups such as processes, governance, staff, culture, and
information technology. Hence, we propose our last hypothesis, which
argues that organisational agility will positively influence digital
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transformation initiatives.

H5: Organisational Agility has a positive influence on Digital
Transformation.

Fig. 1 shows a summary of the proposed model.
3. Methodology
3.1. Data collection

The population for the present study consisted of Spanish
manufacturing companies with an average workforce ranging from 50 to
250 employees between the years 2017 and 2021. Before data collec-
tion, a pilot study was conducted with professors from two universities
and managers from ten companies to validate the structured question-
ing. The final questionnaire resulting from the pilot is included in Ap-
pendix A. The data collection period lasted from June to July 2021.
Before collecting the data, G*Power 3.1 was used to calculate the min-
imum sample size (Cunningham & McCrum-Gardner, 2007). The results
of the a priori analysis using a Multiple Linear Regression setup show
that for an effect size f2 of 0.15, a sample of 89 questionnaires is
required. The total number of medium-sized companies that met the
characteristics described above in the SABI database (https://sabi.bv
dinfo.com) is 3465. From this population, 1,686 companies were
randomly chosen, and a response was obtained from 310 experts, which
involves a response rate of 18.38 %, with a factor of error of 5.76 % for p
= q = 50 % and a level of reliability of 95.5 %. Table 1 indicates the
respondents’ demographic.

The independent samples t-test suggests no response bias since it
revealed no significant differences between the first and last 155 re-
sponses regarding regenerative unlearning, collaboration with
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Table 1
The respondents’ demographic.
Gender Male Frequency=228  73.50%
Female Frequency=82 26.80%
Age Min=24 Max=76 Average=45.36
Company size Min=50 Max=249 Average=127.51
Marketing & Sales Frequency=14 4.50%
Production Frequency=114  36.80%
Human Resources Frequency=13 4.20%
Area Research & Development Frequency=76 24.50%
Accounting & Finance Frequency=7 2.30%
Supply Chain Frequency=18 5.80%
Management
Other Frequency=68 21.90%

Source: Own elaboration.

customers, organisational agility, and digital transformation (p = 0.543,
p =0.735, p=0.821 and p = 0.236, respectively). A solitary respondent
was chosen from each company to participate in the survey, necessi-
tating the consideration of potential common method variance (CMV)
concerns (Podsakoff & Organ, 1986). Harmon’s single-factor test was
utilized to assess the likelihood of CMV. The Harman’s Single Factor test
was conducted in the current study using SPSS to confirm that no
common method bias is present. As per the analysis, the first factor
explained is 41.53 % which is below the threshold of 50 %, suggesting
the absence of a CMV problem (Podsakoff, MacKenzie, & Podsakoff,
2012). For the higher robustness of this analysis, the measured latent
marker variable (MLMV) approach was also used to detect potential
problems of a post hoc common method variance (CMV), which is a
method suggested for handling CMV in PLS-SEM models (Chin,
Thatcher, Wright, & Steel, 2013). Considering that all the variables used
in the model refer to the organisation level, the blue intention variable
from an individual perspective operationalised with four items was used
in the MLMV analysis (Miller & Simmering, 2022). Table 2 shows that
the difference found in the R2 value in all endogenous variables is less
than 10 % after removing the blue intention of the respondent, reflecting
no single factor bias for most covariance (Chin et al., 2013; Podsakoff,
MacKenzie, Lee, & Podsakoff, 2003).

3.2. Measures

All constructs were measured using a 7-point Likert Scale, with all
items ranging from 1 (Strongly Disagree) to 7 (Strongly Agree). Nine
items measured the company’s regenerative unlearning. The items were
adapted from Cegarra-Navarro and Wensley (2019) and Makkonen and
Olkkonen (2017) and assessed the capability of a company to change
routines, update mental models, and relearn over time while adapting to
different environments. To measure collaboration with customers, the
scale proposed by Heirati et al. (2016) was chosen. The scale consists of
3 items that refer to the company’s effort to collaborate with customers.
Organisational agility was measured using four items adapted from
Srinivasan, Srivastava, and Iyer (2020) work. Finally, digital trans-
formation was measured by asking whether the company focuses on
digitising everything it can. Managers were also asked about the support

Table 2
Statistical remedy of Common Method Variance (CMV).

Without including blue intention Including blue intention

REU - CIC 0.320(R? = 0.103) 0.319(R? = 0.103)
REU — OA 0.353(R? = 0.325) 0.353(R? = 0.329)
REU - DT 0.394(R? = 0.290) 0.394(R? = 0.290)
CIC — OA 0.349(R? = 0.325) 0.349(R? = 0.329)
OA - DT 0.227(R? = 0.290) 0.227(R? = 0.290)

Source: Own elaboration.
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from different business processes and about the amounts of data from
various sources (Nasiri, Ukko, Saunila, & Rantala, 2020).

3.3. Assessment of the measures

We adopted PLS-SEM since we utilised composites estimated in
Mode A. As shown in Table 3, the measures were evaluated using indi-
cator loads, composite reliability, multicollinearity, and convergent and
discriminant validity tests. Internal consistency reliability is usually the
first criterion to be evaluated. The results shown in Table 3 indicate that
the model satisfies all the essential criteria (Henseler et al., 2014).
Following Hair, Hult, Ringle, Sarstedt, and Thiele (2017), Table 3 also
displays the Variance Inflation Factors (VIFs) for all the variables,
ranging from 1.768 to 3.863 and indicating the absence of collinearity
issues.

To assess the discriminant validity, Fornell-Larcker and Heterotrait-
Monotrait criteria were used. Table 4 shows that the AVE value is higher
than the correlation coefficient between the competent and all the
distinct variables for each latent variable. In addition, the threshold
value of the HTMT is below 1 for all constructs, showing the discrimi-
nant validity of the constructs (Henseler et al., 2014).

4. Results

Following Sarstedt, Hair, Cheah, Becker, and Ringle (2019), regen-
erative unlearning was operationalised as a predictive second-order
reflective-reflective construct using the two-stage approach. In the
first stage, we got the score for changing routines, updating mental
models, and relearning constructs without including the second-order
construct in the model. The regenerative unlearning variable was
measured with the first-stage scores in the second stage.

4.1. Measurement model

We assessed the significance of the path model relationships using
bootstrapping analysis with 5,000 subsamples (bias-corrected and
accelerated bootstrap, two-tailed test) in measurement and structural
models following (Hair, Ringle, & Sarstedt, 2011). Table 5 shows that
the internal consistency reliability and discriminant validity tests are
statistically significant in the second-order constructs too. The fit indices
of the saturated and estimated models were calculated to provide further
robustness to the casualisation of the PLS-SEM analysis (Benitez, Hens-
eler, Castillo, & Schuberth, 2020). The results show that both models
had good fit indices (i.e. SRMR < 0.008; dyis and dg below the 99
%-quantile of the bootstrap discrepancies (Higs) (Benitez et al., 2020).

4.2. Structural model

The analysis was conducted using Smart PLS version 4, employing
the T-test with 5,000 subsamples to determine the significance level,
path coefficients, and confidence intervals. As can be seen in Table 6,
results show a positive relationship between regenerative unlearning
and collaboration with customers, supporting hypothesis 1 (a; = 0.320,
p < 0.01); regenerative unlearning and organisational agility, sup-
porting hypothesis 2 (ap = 0.353, p < 0.01); and regenerative
unlearning and digital transformation, supporting hypothesis 3 (ag =
0.394, p < 0.01). The findings also support hypothesis 4, showing that
collaboration with customers positively influences organisational agility
(ag = 0.349, p < 0.01). Finally, results support hypothesis 5, confirming
the positive influence of organisational agility on digital transformation
(a5 = 0.227, p < 0.01). The findings displayed in Table 6 also show that
neither of the two control variables was significant (Gender, p = 0.914
and Size, p = 0.977, respectively).

The cross-validated redundancy index (Qz) in all cases is greater than
Zero (Q%IC =0.08; Q%A =0.229; and Q%T = 0.215), which indicates that
the structural model has a predictive capacity (Chin, 1998). Following
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Table 3
Model estimates (first-order constructs).
VIF Weight t-value Loading t-value

UpMM UpMM; 1.768 0.376 11.782 0.844 38.354 AVE = 0.734
UpMM, 1.768 0.366 22.686 0.839 26.664 SCR = 0.892
UpMM3; 2.000 0.424 20.139 0.887 46.959 o =0.819

ChR ChR, 3.204 0.337 18.879 0.919 78.878 AVE = 0.858
ChR, 3.532 0.377 22.682 0.936 84.242 SCR = 0.948
ChR3 3.103 0.365 20.139 0.923 74.719 o =0.917

REL REL,; 2.918 0.354 23.361 0.913 66.693 AVE = 0.856
REL, 3.863 0.369 22.725 0.941 120.84 SCR = 0.947
REL3 3.200 0.358 22.759 0.921 78.804 a=0.916

Clc CIC; 2.511 0.350 17.533 0.893 52.656 AVE = 0.818
CIC, 2.850 0.328 15.020 0.905 45.189 SCR = 0.931
CICs 2.495 0.427 16.799 0.915 66.910 o = 0.889

OA OA; 2.159 0.285 16.560 0.834 31.027 AVE = 0.726
OA, 2.215 0.284 18.468 0.852 39.868 SCR = 0.914
OA3 2.196 0.314 15.171 0.851 39.274 o = 0.874
OA4 2.500 0.290 21.574 0.872 36.954

DT DT, 2.364 0.307 17.338 0.873 50.409 AVE = 0.758
DT, 2.413 0.283 18.403 0.868 33.204 SCR = 0.914
DT; 2.693 0.277 18.155 0.884 51.620 o = 0.893
DT4 2.293 0.281 16.629 0.857 42.056

Notes: Updating mental models - UpMM; Changing routines — ChR; Relearning — REL; Collaboration with Customers —(CIC); Organisational Agility—(OA); Digital
Transformation—(DT); Variance inflation factor— (VIF); Average variance extracted— (AVE); Scale Composite Reliability— (SCR); Cronbach’s alpha— (a).

Table 4
Discriminant validity analyses.

Fornell-Larcker

Mean S.D HTMT UpMM ChR REL CIc OA DT
UpMM 4.873 1.213 0.736 0.857
ChR 4.608 1.410 0.736 0.640 0.926
REL 5.343 1.236 0.696 0.602 0.638 0.925
CIC 5.543 1.280 0.516 0.200 0.312 0.311 0.904
OA 5.598 0.984 0.516 0.365 0.384 0.426 0.461 0.852
DT 5.446 1.265 0.530 0.406 0.406 0.480 0.309 0.410 0.871

Notes: Standard Desviation—(S.D); Heterotrait-monotrait ratio of correlations—(HTMT); Update mental models— (UpMM); Change routines— (ChR); Relearn—
(REL); Collaboration with Customers —(CIC); Organisational Agility—(OA); Digital Transformation— (DT); Diagonal values (square root of AVE are in bold) should be

higher than off-diagonal correlations shown below the diagonal line.

Preacher and Hayes (2008), the confidence intervals of the indirect ef-
fects calculated through the post hoc analysis are significant since they
do not contain zero values. These results support hypotheses H1, H2, H3,
H4, and H5.

4.3. Endogeneity analysis

When using PLS-SEM is of crucial importance to address endogeneity
issues. Endogeneity occurs when important variables are left out of the
model, which can lead to inaccurate parameter estimations and question
the validity of the findings (Antonakis et al., 2010). To avoid this, it is
crucial to account for all variables to prevent endogeneity from
becoming a serious issue. Our endogeneity test is based on the meth-
odology of Hult et al. (2018) and involves several instrumental vari-
ables, including control variables such as gender and company size, in
our model. We also use the Digital Transformation (DT) dependent
variable and Gaussian copulas, as explained by Hult, Hair, and Jr.,
Proksch, D., Sarstedt, M., Pinkwart, A., & Ringle, C. M. (2018) and
estimated by Park and Gupta (2012), to address endogeneity in the PLS-
SEM context. To analyze endogeneity, we use two methods, which are
illustrated below.

First, we check endogeneity in the variables of the study. Accord-
ingly, we used two control variables associated with the dependent
variable (i.e. DT). Upon conducting a 10.000-bootstrapping routine, we
observed that the links for both control variables were non-significant
(see Table 6). According to Sande and Ghosh (2018), the utilization of
instrumental variables to address the endogeneity problem is a robust
approach for estimating a model with three independent variables (REU,
CIC, and OA) and one dependent variable (DT).

We also implemented the Gaussian copula procedure, following the
demonstration outlined by Hult et al. (2018). In the first stage, we
verified if the potentially endogenous variables were distributed
abnormally. We did this by running the Cramer-van Mises test on the
standardised composite scores of REU, CIC, OA, and DT (Becker, Datta,
Lami, & Rouzé, 2021), which provided the PLS-SEM model estimation.
The p-values (p = 0.000) for all our constructs indicated that none have
normally distributed scores. In the second stage, we conducted a
Gaussian copula analysis by including a copula for each independent
variable with respect to the dependent variable. Consequently, we
introduced three Gaussian copulas. However, none of these three cop-
ulas exhibit statistical significance. As a result of the analysis described
above, there is no concern regarding endogeneity when estimating the
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Table 5
Model estimates (second-order constructs).
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Confidence intervals

Constructs VIF Loadings 2.5% 97.5 %

Regenerative Unlearning UpMM 1.897 0.850 0.794 0.888 AVE = 0.751
ChR 2.037 0.873 0.834 0.902 SCR = 0.900
REL 1.895 0.876 0.834 0.904 HTMT = 0.575

Collaboration with Customers CIC, 2.511 0.891 0.852 0.920 AVE = 0.818
CIC, 2.850 0.904 0.849 0.936 SCR = 0.931
CIC3 2.495 0.917 0.886 0.937 HTMT = 0.516

Organisational Agility 0OA; 2.159 0.834 0.770 0.877 AVE = 0.726
OA2 2.215 0.851 0.806 0.888 SCR = 0.914
OA3 2.196 0.851 0.803 0.888 HTMT = 0.541
OA4 2.500 0.872 0.816 0.907

Digital Transformation DT, 2.364 0.871 0.833 0.901 AVE = 0.758
DT, 2.413 0.868 0.808 0.907 SCR = 0.926
DT3 2.693 0.883 0.844 0.912 HTMT = 0.575
DTy 2.293 0.860 0.816 0.893

Estimated Model Higs Higg Saturated Model Higs Higo

SRMR 0.038 0.042 0.048 0.035 0.038 0.043

durs 0.154 0.189 0.244 0.130 0.154 0.191

dg 0.158 0.161 0.297 0.157 0.167 0.316

Notes: The bold figures indicate the compliance level with the adjustment index.SRMR: Standardised Root Mean Square Residual, dyps: Unweighted Least Squares
Discrepancy, dg: Geodesic Discrepancy; Variance inflation factor— (VIF); Average variance extracted— (AVE); Scale Composite Reliability— (SCR); Heterotrait-

monotrait ratio of correlations—(HTMT).

Table 6
Structural model.
Confidence
Intervals
Hypotheses Path coefficient 2.5 % 97.5 (p- R?
% value)
HI1: REU - CIC a; = 0.320 0.200 0.446 0.000 0.103
H2: REU — OA ap; = 0.353 0.241 0.458 0.000 0.325
H3: REU — DT az = 0.394 0.266 0.524 0.000 0.290
H4: CIC - OA as = 0.349 0.233 0.463 0.000 0.325
H5: OA - DT as = 0.227 0.091 0.361 0.001 0.290
Gender — DT as = —0.005 —0.094 0.083 0.914 0.290
Size — DT as = —0.001 —0.097 0.092 0.977 0.290
Indirect effect 2.5% 97.5 (p- R?
% value)
REU - CIC - OA aixa; = 0.112 0.060 0.174 0.001 0.325
REU - CIC —» OA — aiXasxas = 0.042 0.178 0.005 0.290
DT 0.106
CIC - OA - DT agxas = 0.079 0.027 0.147 0.037 0.290

Notes: Regenerative Unlearning— (REU); Collaboration with Customers —(CIC);
Organisational Agility—(OA); Digital Transformation—(DT).

relationships within our proposed model.
5. Discussion and conclusions
5.1. Theoretical contributions

Digital transformation involves a fundamental change in mindset
and how people approach their work. In this context, unlearning refers
to the collective effort to set aside old habits, traditional ways of doing
things, and outdated processes that are no longer effective or efficient in
the digital age. From this point of view, unlearning is not an individual
capacity (i.e. intentional unlearning) but a dynamic capability (i.e.
regenerative unlearning). The results of the study help to understand
how regenerative unlearning contributes to enhancing collaboration

with customers, organisational agility, and digital transformation (RQ1)
of medium-sized Spanish manufacturing companies. As Jones et al.
(2021) discuss in their study, the main obstacles to digital trans-
formation in manufacturing companies include a lack of employee skills
and experience, an immature digital culture, and a lack of ability to
properly interpret data. This shows the need for companies to be able to
regenerate their employees’ skills, routines, and organisational knowl-
edge with the aim of adapting to digital change. This study demonstrates
through a change of organisational routines, update of organisational
mental models and increase of employees’ competences, organisations
can regenerate their knowledge structures to embrace change while
increasing employees’ skills.

Findings validate the positive relationship between regenerative
unlearning and collaboration with customers, supporting H1. These
results support Ortega-Gutiérrez et al. (2022) and Heirati et al. (2016)
studies, which revealed that companies that unlearn improve their
ability to collaborate with clients. Our findings contribute to the liter-
ature by acknowledging the noteworthiness of outer knowledge sources.
In this regard, organisations may explore the external world for
collaborative opportunities and then acquire external knowledge with a
view to integrating it into their core processes. Unlearning old practices
means shifting focus to a more end-user (customer)-centric approach,
where new knowledge structures that replace outdated ones help com-
panies understand and meet the changing needs of customers in the
digital landscape. As a result, via the capitalisation of regenerative
unlearning which covers the update of the mental models, the change of
routines and the avoidance of defensive reasoning and the capacity of
relearning (Cegarra-Navarro & Wensley, 2019; Makkonen & Olkkonen,
2017), companies may gain access to new ideas and promote substantive
customer participation.

The results also validate the positive relationships between regen-
erative unlearning and organisational agility, supporting H2. These
findings complement previous studies conducted by Cegarra-Navarro
et al. (2016) and Zain et al. (2005) which approached the influence
between knowledge renewal and organisational agility, simultaneously
affirming the opportunity of knowledge regeneration through accom-
modating the existing acumen to new contextual challenges, as also
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explored by Pereira et al. (2019). The results show that digital trans-
formation requires organisations to be agile to respond to market
changes. This is why unlearning rigid structures and processes allows
companies to adapt quickly to changing circumstances that favour dig-
ital integration. These results prove the relevance of challenging old
mental models, changing routines, and relearning on the company’s
capability to respond effectively to emerging market situations, to seek
and adopt new tools for meeting new needs, to foster flexible formal
systems to engage with customers and to properly respond to emerging
contexts. Indeed, by shedding outdated habits, routines, and knowledge,
and adopting a mindset open to change, organisations become more
receptive to novel ideas and innovative approaches. Regenerative
unlearning therefore fosters flexibility, enabling organisations to adapt
quickly to changing circumstances, avoid inertia and respond to new
challenges derived from the environment.

Findings of the study also confirm the influence of regenerative
unlearning on digital transformation, supporting H3. This study com-
plements previous studies that proved the significant impact of the
mental openness toward organisational change and development on
technological disruption (Bordeleau & Felden, 2020; Cegarra-Navarro &
Wensley, 2019; Willie & Nkomo, 2019). Specifically, this study dem-
onstrates the role of regenerative unlearning as a strategic resource that
enables organisations to have the updated multidimensional knowledge
required in digital transformation processes. Results show that digital
transformation is an ongoing process, as technology continues to
advance. Under this framework, regenerative unlearning is part of a
‘broader continuous learning process’ with the adaptation and integra-
tion of new knowledge structures, which allows organisations to remain
relevant and competitive. Regenerative unlearning is, therefore, crucial
in digital transformation processes as it enables members of the orga-
nisation to unlearn obsolete technologies to adopt and integrate new
digital tools and solutions. Moreover, since digital strategies require
continuous re-evaluation (Matt et al., 2015), organisations that regen-
erate their knowledge structures will be better positioned to reassess
their digital strategies thanks to their flexibility.

The findings of the study contribute to understanding the influence
of collaboration with customers on organisational agility and the effect
of organisational agility on the digital transformation of medium-sized
Spanish manufacturing companies (RQ2). Particularly, results support
H4, revealing the positive influence of collaboration with customers on
organisational agility. These empirical results support previous findings
according to which companies can improve their organisational agility
through a network with external partner (Garcia-Murillo & Annabi,
2002; Mehdibeigi et al., 2016) and customer experiences (Mihardjo
et al.,, 2019). Our results contribute to these studies showing that
collaboration with customers improves organisational agility by
providing information and feedback, allowing the organisation to un-
derstand its customers’ changing needs, responding quickly to market
changes, and creating an adaptive customer-centric culture. In other
words, collaboration with customers allow firms to build solid networks
with customers to better search and integrate new knowledge sources.

Finally, results of the study show the positive influence of organ-
isational agility on digital transformation, supporting H5. The findings
validate earlier research that organisational agility drives digital trans-
formation (McDermott et al., 2022; Shakina et al., 2021). Given that
digital transformation typically involves a wide spectrum of knowledge
activities, such as design thinking to analyse and optimise the customer
journey or implementing automated customer service, the agility
required to adapt to technological developments may help organisations
deliver timely knowledge that is valuable and validated. Organisational
agility tailors proactive change paths, implicitly paving the way for
digital transformation to unfold and supporting the adaptability neces-
sary to respond to rapid disruptions in the digital marketplace.
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5.2. Managerial implications

The adoption of digital technologies by businesses and organisations
over the past few decades has been compelled by the need to primarily
modify mental models alongside business models (Cubillas-Para et al.,
2023). The above discussion suggests that regenerating knowledge,
routines, and behaviours is crucial to collaborate with customers,
improve agility and embrace digital transformation initiatives. To ach-
ieve regenerated knowledge structures in the organisation, managers
can promote unlearning in the company by recognising the need to
unlearn, fostering a growth mindset, challenging assumptions, and
creating a space where ideas can be exchanged (Cegarra-Navarro &
Wensley, 2019). In this sense, they must foster a culture of continuous
learning and growth within the organisation. Additionally, the organi-
sation must allocate resources to increase employees’ digital skills, as
these may be specific and may not currently exist in the market (Cirillo,
Fanti, Mina, & Ricci, 2023). For example, by allocating part of the
budget to specific training courses on digital transformation technolo-
gies such as the Internet of Things, Al, cloud computing or machine
learning.

Another potential action that organisations can undertake is the
creation of cross-functional teams (Gimpel et al., 2018). Cross-
functional teams bring together people with diverse skills and experi-
ence that can be more responsive to the changing needs of the market
(Ambrose, Matthews, & Rutherford, 2018). In this way, employees can
collaborate in dealing with the dynamism of the environment. Through
this strategic approach, organisations can improve their agility and
adaptability. Organisations can also create cross-department collabo-
ration to facilitate the learning processes of all employees, who can learn
from other mistakes and be aware of the new needs.

The results also highlight the importance of customer collaboration
in improving organisational agility in the context of digital trans-
formation of manufacturing companies. Firms must ensure that they
interact with customers, recognising their contribution for ideas and
collaboration, as well as their knowledge (Morgan & Anokhin, 2023). In
this regard, to strengthen customer collaboration, companies can seek
feedback from customers on the effectiveness of new applications that
have been developed. They can also collaborate with them in the
development of digital solutions that address their specific needs, as well
as in the creation of new customer-focused digital services.

5.3. Limitations and future research

The current study acknowledges multiple limitations that could
guide future research lines and provides recommendations for subse-
quent research. Firstly, this study has a quantitative nature. Future
research should include relevant qualitative factors for a more
comprehensive understanding of the theme under analysis. For instance,
in-depth interviews with a significant sample of CEOs may contribute
positively to extrapolating and complementing the results with absolute
reliability. Through the analysis of these interviews, it will be possible to
analyse specific problems encountered by medium-sized Spanish
manufacturing companies when embracing digital transformation to
develop digital strategies more tailored to this sample. This study has
also analysed a sample of Spanish medium-sized manufacturing com-
panies. The extension of the research on companies coming from
different countries would enrich the theoretical and organisational in-
sights by supporting or not the validity of the model. Moreover, given
that digital transformation is multifaceted, empirically evaluating the
advanced model with samples from large companies would round off the
analytical framework.

Like any survey research, this study has limitations which provide
avenues for future research. First, the empirical findings are based on
cross-sectional data, which makes it impossible to assess changes over
time. Second, it should be noted that we considered only one data source
as we have tried to make the survey anonymous and to motivate the
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participation of the sample. In this regard, multiple data sources may be
considered in future research. Third, despite controlling common
method variance using different analyses, it may not be completely ruled
out. Therefore, future studies should examine other organizations and
other control variables that help to improve inferences about statistical
relationships in data (such as hierarchical levels, type of ownership or
level of studies of the manager).
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